A negative finding of amniotic fluid (AF) phosphatidyl glycerol (PG) does not eliminate the need for determining the lecithin/sphingomyelin ratio (LSR). We use a novel approach to classify fetal lung maturity (FLM) data, and to validate the fluorescence polarization (FP) surfactant assay (Abbott), which replaces the PG assay and reduces the frequency of repeat LSR. This method finds the values (decision points) of these tests that allow for classifying the data with least errors. These tests best identify the risk of respiratory distress syndrome (RDS) from fetal lung immaturity. We find the decision values for tests by exploring the data for information content and optimize their selection using group-based reference. We previously defined normal reference as the maximum entropy set with no information. The uncertainty resolved by information provided in the data allows formation of syndromic classes. This is greatest at the values for the variables (decision-points) associated with the greatest decrease in entropy. Decision-values found for PF, EGA, PG, LSR that classify amniotic fluids into the mature and not-mature classes are in agreement with the results of ROC analysis. We validate the replacement of PG by the PF method. We also find a level of FP below which LSR might be required to resolve uncertainty and above which the FP indicates maturity. We confirm the ability to evaluate fetal maturity methods using information analysis.
INTRODUCTION
This laboratory has triaged amniotic fluid (AF)e specimens for several years using the Amniostat-FLM procedure (Irvine Scientific, Santa Ana Calif.) for determining the presence of phosphatidyl glycerol (PG) before carrying out the thin-layer chromatographic analysis of lecithin/sphingomyelin ratio (LSR) (Helena Laboratories, Beaumont, Texas). This "triage" approach results in an unacceptable confirmation rate of PG negative, LSR positive specimens because of the poor sensitivity of the screening method. On the other hand, a PG value scored as 1+ or 2+ by this method correlates with a positive LSR so that an LSR may be done only in the absence of a PG value of at least 1+.
The desirability of replacing the PG method was motivated in large part because performing the LSR is labor intensive. Therefore, an automated screening method was needed with an accuracy comparable to the LSR with a low confirmation rate. This became feasible with the introduction of a fluorescence polarization assay (FP) (based on surfactant to albumin ratio) by Abbott Diagnostics, Inc. aTo whom all correspondence should be addressed: Larry H. Bernstein [1] . This contributed to a bias in immaturity of the Amniostat method with an expected positive result at an LSR well above 2. The results were compared with estimated gestational age, which was available for all tests. In many of these patients maturation of fetal lung surfactant was induced prior to amniocentesis. The data were analyzed by the method of group-based reference [2] . We compared the entropy in the data after randomizing the variables to remove correlation with the entropy of the ordered data. We obtained decision-points or cut-points (decision values) from the difference in entropies for the data EGA, PG, LSR, separating the population into syndromic classes. By this measure, the information was greatest at the value of each variable used for separation for which the difference between the data entropy and the entropy of the randomized data is greatest. 
POLARIZATION OF FLUORESCENCE (FP) ASSAY
We then used the estimated gestational age, PG and LSR to evaluate a new test, the fluorescence polarization (FP) [3] [4] [5] [2] on how to explore data for information to discover critical decision-points at which the entropy decreases, suggesting a separation between distinct populations. In this case we can expect to discover at least two distinct populations that are described by the data: FP, PG, LSR and EGA. There are more than two when one considers intrauterine growth retardation (IUGR) as an outcome, and the tests are not sufficient to distinguish all of the populations. A finding where each of the four variables is positive (+,+,+,+) is always mature, and a finding where each value is negative (-,-,-,-) is always not-mature. The importance of intermediate combinations of these have to be discovered. The LSR is scaled to 0 for less than two, 2 for > 2.5 and 1 for equivocal. The PG is either 0 or 1. The optimum value for FP is determined from the entropy in the data using EGA, PG and LSR.
Our method [2] extends the work by Rypka [11] in the domain of medical clustering, and is directly traceable to the relationship between entropy and missing information in both physics (e.g., Boltzmann, 1894; Szilard, 1925; von Neumann, 1932) and in communication theory elaborated by Shannon [12] . In information theory the quantitative measure of information in a message source is entropy, H:
where H is a function of the probabilities (P) of the choices in a set of messages having different amounts of information. We have described [2, 6] the treatment of test combinations as a diagnostic message set, the variable combinations of which are a message transmission. If there is no information in the data-set supplied, the data-set is at maximum entropy and has no information. If there is information in the data-set supplied, the information supplied is that which is necessary to relieve uncertainty in the message.
The analysis of information in the data supplied is made possible by examining the entropy of the entire set of messages transmitted (which continue to be supplied). As the message set becomes complete or the number of messages becomes sufficient, the amount of information in the data and the amount of information needed to relieve uncertainty becomes more clear. We stress that information not provided in the data may be as important as that which is discovered in this process.
We measure the entropy of the data at maximum uncertainty by randomizing the data to determine its entropy without associative relationships between the variables. We determine the uncertainty in the ordered data by measuring its entropy. The difference between the maximum entropy of the unordered data and the lower entropy of the ordered data is the effective information. This difference is greatest at the decision-point for each variable in the message set for which the most information is supplied. We refer to this as the optimum decision-value. The effectiveness of the message, or information provided, is dependent on the information provided by each test and by the selection of tests. It follows that any combination of n tests may be inaccurate if it provides insufficient information to resolve uncertainty in the message. One can then assume that a sufficient number and quality of tests can minimize uncertainty in any diagnostic problem.
The data were treated in a matrix format, with four columns corresponding to EGA, PG, LSR and FP and the patients in rows. Entropy calculations were made from a binary data matrix produced by applying decision values as described [2] . The decision-points determined the reference-limits for the study population. The relative frequencies of the binary patterns were used to calculate the entropies. The decision-values for scaling of LSR and PG were derived from a prior study without FP of 158 AFs using a three-letter word message set. Eight binary patterns were possible. The present study with FP uses a 93 (of 121 or 470) line four-letter message (including FP) with 16 possible patterns. All possible patterns occur with equal frequency when there is no information in the message set, all messages being equally probable. If the average entropy, H, in the data is 1 (for true-false outcomes) then probabilities of eight equally likely messages to yield one unit of information is 0.125, and the sum of the entropies of these events takes on its maximum value. In the case of binary expression of three variable combinations, the maximum entropy is the number of attributes, or 3, and the frequency distribution of a flat distribution for each binary expression is 0.375. If the variables that are used to form the binary pattern classes are randomly and independently associated, then the outcomes are equally likely for any pattern. This results in a decision-value for each variable at its median at maximum entropy with equal frequencies of the binary patterns at maximum entropy.
The finding of maximum uncertainty in the data set indicates that there is no effective information in the data. The 
Binary pattern classes
The number of groups that can be defined by four variables with two possible outcomes is 16. These are compressed into three categories defined by the binary classes of the four variables. Table 3 is a truth-table showing the test patterns in the three groups using a ternary assignment for LSR and for FP as follows: LSR: not-mature, less than 2 = 0; probable, 2.0-2.5 = 1; mature, greater than 2.5 = 2; FP: not-mature, less than 50 mg/g = 0; probable, 50-80 mg/g = 1; mature, greater than 80 mg/g = 2.
The group assignments are determined by the binary patterns. The Fisherian likelihood for each pattern is 1/n, where N is the sum of n's, and the uncertainty is represented as the proportion n/N. Table 3 constructs these representations of the pattern classes.
Using the decision-values for assigning mature vs. not-mature, it is possible to calculate the likelihoods for surfactant activity with FLM (specificity) and or its absence with immaturity (sensitivity), and the likelihood ratios for each variable. The low level of RDS (30) in a population sample of 290 known outcomes makes the calculation of incremental risk unattractive. In this study the negative LSR or FP surfactant assay should be associated with RDS of the newborn and reflected in the likelihood ratio, which decreases significantly at FP values above 50 mg/g. The odds-ratio was calculated for RDS with the LSR and FP, respectively, scaled using -2, -1, 0, 1 and 2 as dummy scores for the intervals less than 1.5; 1.5-1.9; 2.0-2.4; 2.5-2.9; and greater than 3.0; for LSR, and less than 35 mg/g; 35-49 mg/g; 50-70 mg/g; 71-85 mg/g; and greater than 85 mg/g for FP. The Goldminer universal regression program was used (J. Magidson, Statistical Innovations, Inc., Belmont, Mass.) [13, 14] Figure 2 is a histogram comparing the FP and LSR distributions for BH and MMC. The LSR, not the FP, is normally distributed. Kruskal-Wallis analysis for FP (9 x 10-9) and LSR (1.7 x 10-5) by data is significant.
FP and LSR analyses
The relationship between the FP and LSR (Figure 3) as determined by the combined data is described by the equation: 
Analysis of classified data
The classification of the BH and MMC data according to outcomes is evaluated in Figure 6 . The classes, in order, are: no RDS = 0; RDS = 1; transient tachypnea or apnea = 2; intrauterine growth retardation (IUGR) = 3. The analysis of variance and box plots of FP and LSR shows separation of RDS and no-RDS at 50 mg/g and 2, respectively, based on the upper and lower confidence limits for the groups. IUGR (3) and unclassified (9) Methods using fuzzy set logic where uncertainty is scaled into prediction of the outcome [16] are closely related to the model used here. The problem posed by this study illustrates the difference between measuring efficacy and effectiveness. The demonstration of efficacy requires controlled studies and invariably suffers from lack of adequate scope of the study population, thus introducing bias. The consequence is that tests or treatments have poorer performance when introduced into broader usage. This is expected when the validation study has insufficient information to define effects that occur outside of the study. Studies of effectiveness have to take into account utilization in situations in which confounding factors are present. This necessitates use of multivariate methods to determine the importance and effects of the confounding factors. In the case of LSR, the test was introduced based on the correlation between a biochemical measurement and development of fetal lung surfactant activity, which is measureable in amniotic fluid. Soon after its introduction it became apparent that both contamination issues (red cell phosphatidyl choline) and disease factors (diabetes) were important in its interpretation. In addition, the method limits were defined in relationship to RDS; mature and not-mature were both compared with respect to a low frequency event at a reference limit that is predetermined. PG is a correlated test unaffected by specimen contamination and it is useful for eliminating the need for LSR when the result is positive, but it has a high false-negative rate, making it costly in the situation with a significant prevalence rate of complicated pregnancies and premature deliveries. On the other hand, there is a high concordance of positive PG with positive LSR. Unlike the finding of a positive PG or LSR, a negative PG or LSR may be considered insufficient information for predicting RDS. EGA is necessary information that is only accurate in a three week range. The model using information-induction introduced by Rudolph et al. [2] allows an examination of the endogenous information in the data without reliance on some predetermined definition of outcome, such as RDS.
There are other models that are being used for effectiveness research. The most common methods are Cox regression and proportional hazards [17, 18] . These methods are used for comparing alternative treatments in oncology trials to determine the effect on survival when prognostic factors and therapy independently improve outcome. In this case, the selection of distinct patient subsets has posed problems requiring additional methods, such as recursive partitioning and amalgamation [19, 20] . This method successively partitions the population into two subgroups until no available variable produces a survival 115 difference and then joins subgroups of patients who do not differ with regard to survival potential. The recursive partitioning method has also been used to predict myocardial infarction [21] , but while its goal is to predict patients with similar survival outcome, it can be used to identify important factors without their being specified prior to analysis. Clearly, the proportional hazards model might be adapted for studies such as this, but the unfavorable outcome is not non-survival. An interesting use of the proportional hazards model is in the finding of a ten-fold increase in relative risk of death associated with low cholesterol level in nursing home residents [22] . The model also identified a co-variable effect of hemoglobin and albumin, and a co-morbidity effect of decubitus ulcers.
The opportunity to look at data relational-linkages is especially attractive for an information-based model. This is the important question with respect to the effectiveness of alternative methods of defining fetal maturity: PG, LSR, FP, EGA. The recent study by Tanasijevic et al. [23] is of some interest because of the use of a combination of FLM surfactant/albumin ratio with obstetric estimates of gestational age. They used FLM with EGA in a prediction rule determined by logistic regression.
The ability to identify risk using binary pattern recognition has been demonstrated while confirming the value of the FP assay.
